. Purpose: This study aimed to compare physical activity estimates across different accelerometer wear locations, wear time protocols, and data processing techniques. Methods: A convenience sample of middle-age to older women wore a GT3X+ accelerometer at the wrist and hip for 7 d. Physical activity estimates were calculated using three data processing techniques: single-axis cut points, raw vector magnitude thresholds, and machine learning algorithms applied to the raw data from the three axes. Daily estimates were compared for the 321 women using generalized estimating equations. Results: A total of 1420 d were analyzed. Compliance rates for the hip versus wrist location only varied by 2.7%. All differences between techniques, wear locations, and wear time protocols were statistically different (P G 0.05). Mean minutes per day in physical activity varied from 22 to 67 depending on location and method. On the hip, the 1952-count cut point found at least 150 minIwk j1 of physical activity in 22% of participants, raw vector magnitude found 32%, and the machine-learned algorithm found 74% of participants with 150 min of walking/running per week. The wrist algorithms found 59% and 60% of participants with 150 min of physical activity per week using the raw vector magnitude and machine-learned techniques, respectively. When the wrist device was worn overnight, up to 4% more participants met guidelines. Conclusion: Estimates varied by 52% across techniques and by as much as 41% across wear locations. Findings suggest that researchers should be cautious when comparing physical activity estimates from different studies. Efforts to standardize accelerometry-based estimates of physical activity are needed. A first step might be to report on multiple procedures until a consensus is achieved.
trunk location was thought to provide a more accurate assessment of center of mass acceleration (4) . Cut points to categorize the intensity of physical activity for hip-worn accelerometers were developed based on laboratory protocols of physical activity and energy expenditure. These cut points used proprietary ''count'' data from the vertical x-axis. Early studies of wrist-worn accelerometers using these ''counts'' found that the wrist location poorly predicted energy expenditure (25) .
The technology and application of accelerometers in physical activity research is rapidly changing (19) . Raw acceleration data are now available for three axes, novel computational techniques that move away from traditional count-based classification approaches are emerging (24) , and several researchers have advocated placing accelerometers at the wrist to estimate physical activity because estimates are improving and more wrist-worn devices are becoming available (28) . Although some of these developments seem likely to improve physical activity classification, they also present several logistical and analytic challenges.
To date, most of the new computational algorithms available for researchers have been developed for both hip and wrist-worn accelerometers using data from individuals in laboratory settings (6, 23) . One recent study, in the laboratory, compared different computation techniques (14) . However, movement in the laboratory setting may not reflect free-living physical activity behavior because laboratory-based movements generally occur in sequences defined by the investigator and do not include outdoor activities such as driving and bicycling. Thus, it is not clear if these algorithms are applicable to epidemiological cohorts and intervention studies in free-living adults (2, 15) . In one study, the performance of wrist-and hip-based algorithms from both laboratory and free-living training data were compared (7) . The free-living algorithms to detect behaviors such as walking and sitting performed better than the laboratory-based algorithms, and the hip algorithms performed better than the wrist algorithms when the behaviors were known from annotated observations of images collected by person-worn cameras (7) . Other studies have shown little difference in hip-and wrist-based estimates of physical activity in laboratory settings (6, 23) .
Wrist-based accelerometers are now being used in a variety of studies to improve participant compliance, where compliance is defined as the total number of hours collected and number of people meeting valid day criteria (27, 28) . For example, the 2011-2014 National Health and Nutrition Examination Survey (NHANES) survey with wrist placement had substantially higher compliance than the [2003] [2004] [2005] [2006] NHANES with hip placement (27) . Higher compliance rates for wrist-worn devices might be partly due to the wrist location being preferred by users because it is more comfortable. Also, when participants are asked to wear the devices for 24 hId j1 , wrist-based devices are less likely to be removed at night and not replaced in the morning. In most hip-based accelerometer studies, participants have been instructed to wear the hip accelerometer during waking hours only. Some hip-based studies have improved compliance by using 24-h protocols and have shown that participants are able to wear hip-worn devices overnight (8, 13) . Currently, it is unclear whether the wrist or hip location results in the most complete and accurate 24-h measurement of physical activity and sedentary behavior. Compliance may be higher with wrist placement, but some wrist-based algorithms appear to be less accurate in classifying activity (7) . Another reason to consider the wrist placement for 24-h activity monitoring is because it has been shown to provide a better approximation of patterns of polysomnography-defined sleep than the hip location (21) , although few studies have attempted to use the hip location for sleep assessment or improve sleep estimates based on hip wear (16) .
The current study studied hip-and wrist-based accelerometers in a free-living cohort of middle-age to older women across the United States, including working adults, nurses, and breast cancer survivors. Novel machine-learned (ML) algorithms were applied to the raw data and compared with traditional count cut points and laboratory-based algorithms using raw vector magnitude. This article aims to identify differences in physical activity and sedentary behavior estimates between the wear locations, wear time protocols, and data processing techniques. Analyses will inform comparisons of accelerometer data across studies where different methods are likely to be used.
METHODS
Population. Participants were recruited from four university sites (Harvard University; University of California, San Diego [UCSD]; University of Pennsylvania; and Washington University in St. Louis) involved in the National Cancer Institute-funded Transdisciplinary Research in Energetics and Cancer initiative (20) . The sample included working adults (UCSD and Washington University in St. Louis), nurses (Harvard University), and breast cancer survivors (University of Pennsylvania). The institutional review boards at each university site approved the study protocol and consent forms, and all participants provided written informed consent. Study protocols specific to the collection of accelerometer data were identical across all sites, and all data used in these analyses were centrally pooled and uniformly processed at UCSD.
Protocol. All participants wore the ActiGraph GT3X+ accelerometer for waking hours simultaneously on the hip and for 24 h on the wrist. Monitors were mailed to 87% of participants with clear instructions, a link to an instructional video, followed by two check-in phone calls. The remaining participants received and returned the devices in person. Because participants also wore a GPS device secured on the same belt as the hip accelerometer (to avoid the two becoming separated), they were not asked to wear the hip accelerometer for 24 h (as GPS devices have to be charged overnight and would be uncomfortable to wear in bed). Thus, we cannot compare hip and wrist data for a 24-h period. This article will therefore compare hip-and wrist-based estimates of physical activity and sedentary behavior for the minutes when both were worn during waking hours with at least 600 minId j1 for the hip (34) . The article will also compare the non-wear-defined waking hours to the waking hours from the 24-h protocol in the wrist only. Participants completed sleep logs for 7 d. Sleep was excluded from the analysis based on these self-reported sleep logs. Rewear for devices was requested if the screener determined that there were fewer than 5 d of data with 600 min of wear time or fewer than 4 d with 3000 min total wear time for either the hip or wrist accelerometer. In addition, the hip data were manually screened for less than four wear periods and human wear patterns to assess days of wear versus mailing days. The wrist day was screened for typical patterns of day and night wear, including almost continuous count values for day wear and longer series of zero counts punctuated by a few minutes of counts for night wear. Screening procedures were used during data collection to ensure compliance and quality control across sites. Once all data were collected, standardized data processing was performed at one site (UCSD). Not all participants in the final data set provided 5 d of data.
Data processing. Raw accelerometer data at 30 Hz were collected on three axes on the wrist of the nondominant hand and hip. Wear time for the hip was processed using the Choi algorithm in Actilife 6.11, which assesses 90 consecutive minutes of zero counts as nonwear and includes a 30-min small window to remove artifactual movement. For all analyses, only days with at least 600 min of hip wear time were included. All days with this criteria were included. We did not require a minimum number of days for analysis. We compared compliance proportions with the wake time criteria across wrist and hip locations. We also provide wrist-based estimates with the 24-h protocol for comparison because researchers argue that the longer wear time will also provide more opportunity to capture physical activity (27) . For estimates of activities, only wake time was used. For the 24-h data, wake time was established by 7 d of self-reported sleep logs. Table 1 summarizes the comparisons made across wear time protocols, wear locations, and data processing techniques. Matching the wrist and hip by wear time allows comparisons for location only, taking out variations in wear time. Additional comparisons of wrist data with wake time established by sleep logs allow assessments of both wear time and location. This way we are able to establish independent effects of location and wear time, rather than confounding location differences by wear time. On the data presented to reflect a 24-h wrist protocol, a non-wear time procedure of 60 continuous zeros on the minute level vector magnitude data was used after sleep time was removed. This approach is emerging for wrist data as the 90-min count window used on the hip would not be appropriate on the wrist.
Counts per minute from the x-axis of the hip accelerometer were aggregated and divided into three groups: sedentary (0-99), light (100-1951), and moderate to vigorous physical activity (MVPA) (1952+) based on established cut points (9, 18) . We also used a new method called ''GGIR'' to classify MVPA in the hip and wrist from the raw vector magnitude of the three axes (32, 33) . The thresholds (wrist Q100 and hip Q69) to classify MVPA in this algorithm were developed on a laboratory sample of 30 adults, both men and women (18-65 yr) (10) . We selected the GGIR approach as it was the only available wrist and hip algorithm for the ActiGraph GT3X+ at the time of data processing and because we had validated its performance in the same set of women who provided training data for the ML algorithm used here (7) .
We also applied an ML algorithm called two-level behavior classification to predict behaviors from triaxial wrist and hip acceleration data. This classifier uses a combination of a random forest classifier and a hidden Markov model to predict four behaviors (sitting, standing, walking/running, and riding in a vehicle). In a previous study, the classifier was trained on a sample of 38 overweight or obese women (mean age = 55.2 T 15.3 yr, body mass index [BMI] = 32.0 T 3.7 kgIm j2 ) wearing two ActiGraph GT3X+ accelerometers (right hip, nondominant wrist) for seven free-living days. The women from the UCSD site were both breast cancer survivors and those at risk for breast cancer. Images captured by wearable cameras at 15-s intervals were used to classify activities of free-living study participants and used as the criterion (7).
Statistical analyses. Separate generalized estimating equations were used to make comparisons between methods while accounting for clustering within individuals (12) . Comparisons were made at the day level. All methods were compared across the hip for PA (MVPA or walking/running) and sedentary time (sitting or sedentary). We also provided single-axis count data to allow readers to compare count intensities across the different behaviors and processing modes, although the count data were not used in the GGIR or ML procedures. The GGIR hip and wrist algorithms were compared across the hip and the matched wrist minutes. Then the hip-matched wrist minutes and the 24-h protocol wrist minutes were compared. The same analyses were performed for each ML behavior (hip vs wrist, wake time wrist vs 24-h wrist protocol). We also compared the number of participants who would meet the 150-min weekly physical activity guideline by the wear locations, processing method, and wear time.
RESULTS
Of the 402 people recruited to the study, 368 returned both wrist and hip accelerometers with valid days of wear time, and an additional three people returned accelerometers with valid data after requesting a rewear. Thirty-eight participants were not included in this analysis because they were used as the training sample used to define the ML activity recognition classifier, resulting in a data set of 333 women. Self-reported sleep logs were available for 321 participants for 1420 d, and sleep time was removed based on these logs, leading to a final data set of 321 women with 1420 d of data. The women who had sleep logs were more likely to have a lower BMI, more likely to be married, and had a higher education level (P G 0.05) compared with those without logs and those in the training sample. As shown in Table 2 , participants were women with a mean age of 55 yr (SD = 9.2) and were predominantly white (~80%). Approximately 70% of the sample were college graduates and only 12 participants were Latina. Half the sample was used full time. Table 3 shows the descriptive statistics for the number of hours the accelerometers were worn. It illustrates the wear time captured in the hip wake time protocol and the wrist 24-h protocol including sleep time. As expected, substantially more hours per day were collected with the 24-h protocol on the wrist. The percent of participants, however, who had wear time hours that met the 600-min criteria for wake time was very similar for the hip and wrist locations. Table 4 shows the mean daily minutes between the hip data processing methods, between the hip and the wrist locations, and between wear time criteria across the wrist. There was a 10-minId j1 difference in MVPA minutes between the GGIR raw vector magnitude algorithm and the single-axis cut point method based on the hip accelerometer. The ML walking/ running estimates were double the MVPA estimates although median counts per minute were similar across the GGIR and the ML methods. There was almost a 3-hId j1 difference in the hip cut point-based estimate of sedentary time and the hip ML sitting time. The mean MVPA minutes estimated using the GGIR algorithm were 20 min greater for data collected using wrist-based devices compared with devices worn on the hip. By contrast, the ML algorithm identified 10 fewer minutes of walking/running time for devices worn on the wrist, compared with the data collected using the hip accelerometers. The 24-h wrist protocol (excluding sleep time) provided only two to three additional minutes of walking or physical activity per day for the machine learning and raw vector magnitude algorithms when compared with the wrist wake time estimates derived from the hip wear time protocol. For the ML algorithm, estimates of standing still and standing moving were higher at the wrist than at the hip location and estimates of sitting were lower. Table 5 shows the percent of participants that would be classified as meeting physical activity guidelines. The hip cut point classified the fewest participants as meeting guidelines and the hip ML walking classified the most people. The GGIR wrist algorithm and ML wrist algorithm classified similar numbers of participants as meeting the guidelines both in the wrist wake time and 24-h protocols.
DISCUSSION
The current analyses compared three data processing protocols, two wear locations, and two wear time protocols. Future studies may use different techniques and understanding differences between them will inform our interpretation of population level physical activity. In our analyses, the prevalence of meeting physical activity guidelines (by MVPA or walking at any intensity) varied by up to approximately 50% depending on which data processing technique was used. Differences in meeting physical activity guidelines across body wear locations were as much as 20%. The current http://www.acsm-msse.org findings will inform consensus development for accelerometer wear and data processing protocols in future studies.
Researchers have recently called for standard applications of data processing techniques, at the same time as suggesting raw data processing should be used (35) . A recent laboratory study compared available computational techniques, demonstrating that different methods had different strengths depending on the type of measure being predicted (14) . The development and real-world validation of new algorithms in free-living settings is ongoing. Until we have more free-living algorithms, applied to population level cohorts, and comparisons across methods to health outcomes, it is not clear what method and wear location should be recommended. At this stage, comparisons across studies with varying methods may not be informative (28) . Many large cohort studies have recently completed data collection on the hip, including some studies with 24-h hip protocols (16) . These studies are looking for new techniques to improve physical activity and sedentary behavior classification. Some major population studies (e.g., NHANES), are now using 24-h wrist protocols, and many projects may decide to adopt the wrist location. There are fewer algorithms available for the wrist, and only a few studies have compared validation across the wrist and hip location (6, 7, 22, 23) . Further, a limited number of new classification techniques have been developed on free-living training data (15) . This is one of the first studies to apply new classification techniques for the hip and wrist from free-living training data matched to the sample and compare the classification with a laboratory-based algorithm for the hip and wrist.
Not surprisingly, wear time was greater in the wrist location when the 24-h protocol was used compared with the wake time wear protocol in the hip location. The number of compliance days was also slightly greater in the wrist location. The percent of participants who met the hip criteria (98%) was higher than in other reported studies where participants were more compliant with the wrist than the hip protocol and preferred this wrist location (13) . This level of compliance was particularly impressive given that most participants (89%) were mailed their devices. However, it is notable that the current study included multiple days of training for staff in how to motivate compliance, including through two reminder phone calls. We also requested that participants rewear devices if criteria were not met, although this did not always result in full compliance. Such efforts may not be feasible in larger cohort studies.
Researchers have argued that, in addition to improved compliance with the wrist location and 24-h protocol, the longer wear time will also provide more opportunity to capture physical activity. Although statistically different, our results do not show much gain in minutes or percent meeting guidelines (up to 4% more) with the 24-h wrist protocol, compared with the hip-derived wake time protocol on this wrist. However, longer wear time may improve estimates of Comparison between hip estimates of sedentary cut points and ML sitting, adjusting for wear time (P G 0.01).
b
Comparison between hip estimates of MVPA 1952+ cut points, GGIR MVPA, and ML activity class walking/running, adjusting for wear time (P G 0.05). Comparison between GGIR hip and wrist (wake hours) after adjusting for wear time (P G 0.01).
d
Comparison between GGIR hip and wrist (24 h) after adjusting for wear time (P G 0.01).
e Comparison between ML activity class hip and wrist (wake hours) after adjusting for wear time (P G 0.01). f Comparison between ML activity class hip and wrist (24 h) after adjusting for wear time (P G 0.01).
g Comparison between ML activity class wrist (wake hours) and wrist (24 h) after adjusting for wear time (P G 0.05). Comparison between cut points, GGIR, and ML activity for meeting PA guidelines using hip estimates (P G 0.01).
Comparison between hip, wrist wake time, and wrist 24 h estimates of GGIR PA for meeting PA guidelines (P G 0.01). Comparison between hip, wrist wake time, and wrist 24 h estimates of ML walking for meeting PA guidelines estimates (P G 0.01).
sedentary behavior, especially if worn for 24 h at the hip. There were greater estimates of sitting time in the 24-h protocol on the wrist but greater estimates of sitting time with a shorter wear period on the hip. Although this article focuses on comparing the physical activity and sedentary behavior estimates of the hip and wrist locations, decisions on wear location may also include consideration of these locations to assess sleep duration and sleep quality. Sleep researchers have typically used the wrist location and algorithms for detecting sleep duration and sleep quality, and algorithms for these locations have been validated against gold standard polysomnography (36). Although there are studies showing that sleep duration can be assessed at the hip (29) , few studies have assessed the hip location compared with polysomnography (36) . For example, one study by Zinkhan et al. (36) found sufficient validity for the sleep duration measure at the hip but very poor performance of the sleep quality metrics. This is not surprising as they were applying wrist-validated algorithms for sleep quality to the hip. More research is required to develop hip-based algorithms that can detect sleep quality. Nonetheless, researchers should be aware of the current differences in performance of sleep variables at the wrist and hip if they are considering a 24-h protocol.
We observed large differences in physical activity behavior estimates across hip and wrist locations, and the direction of these differences varied by the way the data were processed (e.g., using machine learning to derive estimates of physical activity behaviors, i.e., walking, or using the GGIR approach to derive physical activity intensities). For example, the ML algorithm classified more minutes of walking/running (at any intensity) for hip-worn accelerometers compared with accelerometers worn at the wrist. However, GGIR-derived estimates of MVPA for hip-worn accelerometers were lower than estimates from wrist-worn devices. Without a ''gold standard,'' it is not possible to confirm which position or processing approach is more accurate; however, accuracies reported in the literature are higher for the ML algorithms than GGIR algorithms (ML accuracy is estimated at more than 80%, compared with 59% for GGIR) (7, 10) . Further, in the same women who provided training data for the ML methods applied here, we tested the GGIR algorithm against image annotations and reported similar estimates of MVPA across locations (17 and 18 minId j1 on hip and wrist), whereas the hip ML algorithm always performed better than the wrist location (7). This suggests that when applied to potentially more ''noisy'' free-living data, the GGIR (developed in the laboratory in adult and older men and women) may overestimate MVPA.
Both the vector magnitude and the data ML algorithms classified many more participants being active 150 minIwk j1 than the currently widely used cut points. These findings support other studies showing that the current hip-based cut points may underestimate common forms of physical activity (including walking) in older cohorts (15) . Current population level data with hip-based accelerometer cut points suggest less than 5% of adults and less than 3% of older adults meet physical activity guidelines (26) . In this sample of healthy middle-age and older adult, women the cut points classified more than 20% of the sample as meeting guidelines. This suggests that this sample may be particularly active and the results may not be generalizable. Comparatively, the more complex data processing techniques detected more minutes of physical activity and walking per day. New techniques may present a more positive picture for public health. Currently, the physical activity guidelines are for moderate intensity physical activity, which the GGIR raw vector magnitude algorithm identifies. The GGIR MVPA estimates from the wrist identified more people meeting guidelines than the hip location. Depending on wear location, population estimates of MVPA could vary.
The behavior-based ML algorithm identifies all locomotion, regardless of intensity. Although the count data were not used in the ML algorithm, for comparison, median counts per minute for the walking classification were 1070, suggesting that most walking occurs below the 1952 MVPA threshold. The behavioral algorithms identified more than double the amount of walking than either the laboratory-based algorithm or the cut points identified as MVPA minutes. Given the previously validated higher accuracy of the hipbased free-living algorithm to detect walking (7), these results suggest that the hip location will detect more walking behavior than the wrist location.
Although current evidence demonstrates a dose response effect of exercise intensity, suggesting that higher intensity exercise provides the most benefits, these conclusions were drawn from studies that lacked objective information about total walking. With the surgeon general"s new report on walking (31) , it is important to understand the health effects of walking both at any intensity and at higher intensities. Longer durations than the current guidelines may be recommended if higher intensities cannot be achieved. Accurate behaviorbased algorithms can further these investigations. If we wish to simplify public health guidelines with a ''walking'' message, the behavior-based algorithms demonstrate that 74% of this sample walks for 150 minIwk
j1
. If the relative difference in estimates were applied to national data sets, we might see almost 20% of the population meeting walking guidelines. Clearly, there is still great improvement needed in population levels of PA. More accurate estimates will hopefully better reflect actual changes over time with continued public health efforts to improve PA levels. Many efforts will include built environment improvements that will focus on walking; hence, accurate population estimates are needed.
Importantly, the behavior-based algorithms we applied to this cohort were able to distinguish sitting from standing. As studies demonstrate that excessive sitting time may be related to poor health, it is important to have more accurate estimates of sitting time. Cut point estimates of sitting are likely to include standing (which is not a sedentary behavior) shown by the median counts per minute of 96 for the ML algorithm-defined standing category. Although ActivPAL devices (placed on the thigh) are becoming the gold standard in sitting intervention studies, there are many large prospective epidemiological cohorts with high-quality measures of health outcomes that have hip accelerometer data (16) . With improved measures of sitting and standing, we can more accurately estimate the health effects of prolonged sitting (i.e., sitting without breaks). Current accelerometer measures of breaks based on the 100 counts per minute cut point have been shown to underestimate total sedentary time compared with criterion measures (15) . In these analyses, the difference between the 100 count and ML sitting time was almost 3 hId j1 . Such a magnitude of difference may have effects on health outcomes. In addition to classifying standing time that falls within the 100-count threshold (15), the ML algorithm identifies vehicle time separately (as its pattern is different and the counts can exceed 100). After processing, we combine the vehicle minutes with the sitting (not in vehicle) minutes. Although the cut point approach was not designed to specify vehicle time, this is clearly a sedentary behavior that contributes to inactivity levels. New methods that can distinguish categories of sitting can improve our understanding of such behaviors with health. Importantly, sitting can be detected in both hip and wrist locations. Some researchers believed that hand movement during sitting would prevent detection of sitting; however, the patterns created by this type of movement are different from other activities. We saw almost an hour more sitting time from the hip algorithm than the wrist, and this combined with the higher physical activity detection in the hip may weigh into researchers decisions to adopt the hip or wrist location.
Limitations
The current study was a convenience sample of middle-age and older women, including cancer survivors and nurses from multiple locations across the United States who may not represent the population as a whole. Physical activity was higher in this cohort than other population studies so our results may not be generalizable. With an average daily total count of 232,549, our sample would be in the 50% percentile for age (55 yr) of the range recently reported by Bassett et al. (1) . Given that this study compared methods, we would not expect a differential bias across techniques or body placement. Unfortunately, the current study did not have a gold standard for comparison (e.g., person-worn camera data or in person observations) that would allow us to establish which technique provided a more accurate estimate of the behaviors and intensities examined. We, however, compared two algorithms that have been validated against known behaviors, in this study"s female training sample, and this information helped us interpret the current results. Further, the women in this sample (mean age = 55 yr) were intentionally very similar to the women used in the machine learning training and validation phase (mean age = 55 yr). BMI, however, differed between the training and the application sample (32 vs 27), which may have affected the performance of the algorithm. The GGIR laboratory algorithm was developed on adults, both men and women (mean age 34), and the 1952 cut point on young adults (men and women). The differences in estimates may partly due to the fact that cut points and GGIR data processing techniques were not validated in middle-age and older women. Some women in the sample were breast cancer survivors, but cancer status was not known for all participants, limiting our ability to consider this in our analyses. Finally, we were not able to compare 24-h protocols across the hip and wrist because our participants also wore GPS devices on the same belt as the hip accelerometer. They could have not worn this bulkier device overnight and it had to be charged overnight. Because of our need to have matched GPS and accelerometer data for other study purposes, we did not allow participants to remove the GPS from the accelerometer belt. Future studies with combined GPS and accelerometer devices that could be worn overnight might prove fruitful.
CONCLUSION
Results of device-based measurement of physical activity in middle-age and older women vary greatly by data processing techniques and device placement. In our analyses, the prevalence of physical activity and walking/running varied by almost 50% depending on which data processing technique was used. Differences across body wear locations were as much as 20%. Thus, efforts to standardize processing methods, or include standard estimates regardless of the choices made in a particular study, are vital. Otherwise, comparisons across studies will remain extremely challenging. Although concrete wear location and processing recommendations cannot be made at this stage, this study demonstrates differences in methods that need to be considered when comparing estimates of physical activity and behavior across studies using different device placement and processing techniques. Where possible, researchers should report estimates using multiple processing techniques so that more informed comparison can be made until a consensus is established. As more wrist-based studies with 24-h protocols are published, we need to understand differences in prevalence rates that may be due to the data collection and processing techniques, not necessarily population differences.
